Financial anomalies in emerging markets can be caused by very different reasons than that in mature markets. In a GARCH model, we examine financial anomalies in emerging markets from a new perspective, which focuses on heavy political interventions. In the context of China, we show that political consideration of the government can be a critical force that drives the monthly anomaly in the stock market. The Chinese case indicates that usual explanations for the month anomaly or the January effect may become invalid in an environment where political intervention is a dominant force in the stock market. Typical of a policy-driven market that prevails in emerging economies, results indicate no evidence for the January effect in China, neither its mirror version, the Chinese New Year effect. Rather, returns abnormality is found to occur in March when China is in the political high season. This March effect is likely a result of political manoeuvre by the government to make the appearance of a stable and thriving stock market, which serves the political purpose of preventing social resentment in a politically sensitive time. This shows political window dressing can be an important cause of financial anomalies, which has been largely neglected in the literature.
I. Introduction
Financial anomalies have been well documented in the literature (Schwert, 2003) .
Many researchers have reported the existence of anomalies in different effects.
Various factors causing the financial anomalies have also been unveiled. However, previous research focuses mainly on mature markets in North America and Europe.
Anomaly analysis of emerging Asian markets is scant, and studies of anomalies in the Chinese stock market very few. This leaves a critical void in our knowledge of financial anomalies.
The Chinese stock market is one of the oldest in Asia, with its history dating back to 1860s when some Shanghai brokers started trading shares of foreign firms in China.
By 1935, the Shanghai Stock Exchange had grown to become one of the biggest exchanges in Asia, only to be disrupted by the Second World War. During 1949 During -1952 , the Chinese revolution eliminated private ownership and therefore stock trading.
The re-opening of stock exchanges in China was a result of sweeping economic reforms. To better channel funds into investment, the Chinese government sanctioned the opening of the Shanghai Stock Exchange (SHSE) in December 1990 and the Shenzhen Stock Exchange (SZSE) in July 1991.
Since then, the Chinese stock market has experienced rapid growth. China now boasts a stock market that is the largest in Asia after Japan. It is also the largest in the world of emerging capital markets. According to some estimation, the Chinese securities market has the potential to become among the major markets in the world.
But weak rule of law, inadequate institutions, lack of training for fund managers, and under-development of sophistication of ordinary investors, etc. are hitting China' s nascent market. The government' s interventions are only to make the situation even worse. As a result, there exhibit in the Chinese market considerable market distortions
and deviations from what the efficient market hypothesis predicts, or financial anomalies. This makes China a weighty case for studying financial anomalies from the perspective of special institutional details typical in an emerging economy. Studies of financial anomalies from this perspective have been surprisingly neglected by the current literature.
Of all forms of financial anomalies, the monthly anomaly, especially the January effect is perhaps the best-known example. 1 Various hypotheses have been advanced to explain such an effect. For example, the tax-loss selling hypothesis claims that investors wait until the tax-year-end to sell their " loser"shares to realize capital losses that can offset capital gains. When investors in January buy back the stocks they sold, the selling pressure is relieved, resulting in large gains for loser stocks (Rozeff and Kinney, 1976; Poterba and Weisbenner, 2001) . Other related studies in this field, e.g., Gibson, et al. (2000) identify a November effect, resulting from tax-loss selling by 1 There is a vast body of literature on the January effect. For the sake of space, we cite only limited number of papers for each school of thought. See Chen and Singal (2004) and references therein.
mutual funds due to a change in the 1986 tax code in USA. Cataldo and Savege (2000) suggest a tax-gain selling hypothesis. Investors tend not to sell winner stocks in
December to postpone realization of capital gains so that they can delay payment of taxes on capital gains for almost one year. This pushes up the prices of the winner stocks in December, leading to the December effect.
Recently, new research has emerged focusing on other non-mutually exclusive explanations for the monthly effect. This has led to the explanation that is related to errors in data collection or statistical methodology, such as in Keim (1989) .
According to this theory, the monthly effect is a result of the modelling misspecification which misses some risk factors in the particular month, say January.
This means the monthly effect could be spurious and so investors cannot really trade at these prices.
Another explanation is based on new information provided by firms at the end of the fiscal year, this being known as the information hypothesis (Rozeff and Kinnery, 1976) . Seasonal information flows may vary with different categories of investors, and so do the level and speed of information dissemination. Miller (1990) maintains that during Christmas people postpone what can be postponed including an investment decision, in order to buy gifts, leading to a reduction in the speed of their reaction to information, contributing to the January effect.
The window dressing theory is of particular interest. The theory attributes the monthly effect to the possibility that money managers may engage in some form of window dressing to promote positive perceptions of their performances in managing their clients'portfolios. This also implies that the January effect is caused by systematic shifts in the portfolio holdings of investors at the turn of the year (Haugen and Lakonishok, 1988 Research on China is mostly concerned with the weak form efficiency of the Chinese market. Only a limited number of studies have so far examined specific forms of financial anomalies in the Chinese market, particularly calendar-related anomalies. Xu (2000) finds no day-of-the-week effect in Shanghai. But Chen, et al. (2001) investigated this effect and found a Tuesday anomaly during 1992-1997. Mookerjee and Yu (1999) find that, in China, the highest daily returns occur on Thursdays. Mookerjee and Yu (1999) devote some part of their research to the turn-of-the month effect and the monthly effect. The turn of the month is defined as the first and last 9 days of the month. In passing, they find evidence that the turn-of-the-month effect exists in China. But their samples cover only 1990 -1994 (for SHSE) and 1991 -1994 (for SZSE). These were the opening years for both exchanges, during which large price fluctuations took place and construction of stock indices frequently changed.
In their research on the mechanism of asset pricing in China, Eun and Huang (2002) " incidentally"find no January effect in China, but August has the highest mean return of the year. Drew et al. (2003) construct portfolios sorted on firm size and book-tomarket equity. They then investigate the seasonal behaviour of risk premium in a multifactor model with a dummy for the January effect and a February dummy for the effect of Chinese New Year, which usually falls in February. The results show no January or Chinese New Year effects on SHSE.
It can be seen then, the current state of research has provided only limited empirical evidence on the existence and nature of financial anomalies in China. Also, it is debatable that whether existing theories can afford adequate underpinning for understanding the monthly anomaly in China. The tax-related selling as the most important cause in the literature is irreverent in China' s case because there is no capital-gains tax in China. Neither is it the practice for Chinese firms to publish information at the year-end, hence invalidates the information hypothesis. For the small firm effect, Seyhun (1993) shows that all firms, not just the small ones, should be included in any potential explanation for the January effect. For the hypothesis of modeling misspecification, because of the data availability, we are unable to use midpoint quotes to control market microstructure biases in data measurement as suggested by Chen and Singal (2004) . In what follows we will, in a GARCH model, carry out our empirical investigation along the line of the window dressing hypothesis with a perspective that focuses on the interventionist role of the government. The GARCH presentation has a number of advantages in modeling financial anomalies, which include its capability of capturing the stylized facts of financial data and incorporating heteroscedasticity into the modeling process. Its construction can also be flexible enough to allow for various dynamic structures of conditional variance.
Section II of this study briefly presents the distinctive character of the Chinese stock market, which is a market driven by government policy. Section III discusses the econometric formulation of the GARCH model that we employ to investigate the monthly anomalies in China. After Section IV which contains main empirical findings, Section V concludes the study.
II. The Policy-Driven Chinese Stock Market
The Chinese stock market is characterised by the fact that the government has the overwhelming influence. From the beginning, the Chinese government has created stock market institutions that allow the state to maintain control over listed companies and the market as a whole (Cooper, 2003 The market segmentation affects the risk profiles and future cash-flow opportunities of a company. Trading is thin while volatility is high and investors are discouraged from taking a buy-and-hold approach, fearing the government will one day dilute their holdings by releasing state shares (Eun and Huang, 2002) .
In addition, capital controls in China has created barriers to the transmission of international price movements to China. There is even no transmission between SHSE and SZSE (Fabozzi et al., 2004) . The divorce of the Chinese market from global forces means a pricing pattern that is different from that of international counterparts.
With capital controls, Chinese investors are deprived of the opportunity for international diversification. This further distorts investment decisions and hence pricing patterns. Furthermore, the long-term isolation implies that China misses out on the opportunity to learn and adopt international standards, resulting in a weak
Chinese disclosure and legal environment, and a less transparent trading system.
Excessive price movement and speculative activities are common in China' s stock market (Mei, et al., 2005) . Using the Shanghai Composite Index and the NYSE Composite Index, Chow and Lawler (2003) report that the mean of weekly returns to Shanghai stocks is 17.5%, much higher than the mean for NYSE, which is only 9.48%.
Also, volatility in Shanghai is much higher than in New York. In the initial public offering market, research findings have confirmed huge underpricing of Chinese IPOs.
The returns on Chinese new shares are the highest ever recorded in IPO markets around the world. From 1984 to 2000, the average initial return was 398% and the average first day return was 406%. In some years, the average initial returns would be more than 1000 % (Gu, 2003) .
Using very high turnover as a symptom of a highly speculative stock market, Wang and Xu (2003) believe most Chinese investors have traded speculatively with very short holding periods. They report that, with round-trip trading costs approaching 1 % of the total transactions, the average annual turnover in China from 1996 to 2002 was 537% (Wang and Xu, 2003) . In such a market environment, investors are more interested in short-term gains and tend to ignore long-term investment objectives.
The market segmentation, erratic pricing and excessive speculation undermine the government' s agenda of financially supporting state enterprises through a growing capital market (Wong, 2005) . In response, the government has intervened frequently.
The intervention has taken various forms, including price regulations, special leader articles in government newspapers, secrete buying or selling transactions, and " meetings"with fund managers, etc.
One distinct feature of Chinese intervention is that, whereas the government had occasionally stepped in to calm the market when it was overheated, such as in 1996, 1997, and 1999, the intervention was predominantly aimed at popping up the slumping market. Chinese market continued to receive bolstering from the government (Lin, 2005) .
In addition to support the market in large market declines, the government has also engaged in popping up the market during politically sensitive periods. There are increasing reports that every year around March, the government summons fund managers and banking officials to Beijing for talks on achieving " social stability" .
March is a special month in China because in this month it will be held the yearly National Plenary Conferences of People' s Representatives and of People' s Political Consultation, known as the Two Great Conferences. During this period, a series of political drama would unfold, including policy debates, cabinet reshuffles, and meeting-the-press by top Chinese leaders. These events are rare in an otherwise tightly concealed country. The eventful March therefore marks the high season of
Chinese politics and attracts a lot of international media attention.
In this setting, social unrests would cause more media sensation and more deeply felt around the world, hence have much stronger effects than otherwise in other months.
Due to sweeping economic transformation and complex regrouping of social interests, China in recent years has experienced a huge number of social unrests. Of the triggering mechanisms for the eruption of interest conflicts the stock market is particularly prone to be a hotbed for nourishing public resentment against political establishment in China. By its very nature, the stock market tends to land extreme wealth to a handful of people, only at the cost of a much large number of investors.
The structure of China' s stock market is such that most investors are individuals with low income and they are in huge numbers. With limited financial resources and little experience in risk management, they are very vulnerable to erratic price fluctuations.
A small ripple of price movements therefore will drown a huge number of small investors. To make the situation worse, many of them gamble in the stock market with their life savings for pension. This makes the Chinese stock market a nightmare for the government; disruptive price changes threaten large scale social instability. In
March, this would have magnifying effects. Hence, in the high season of Chinese politics in March, the government has every reason to window dress the stock market performance, to pre-empt the outbreak of general turmoil.
III. Econometric Formulation
Given the policy-driven nature of the Chinese stock market, we deploy ARCH/GARCH models to investigate the January effect in China. Because of a number of attractions, the ARCH family models have been frequently used to model stock price anomalies e.g., Choudhry (2001) . In this regard, the advantages of ARCH family models include its facility of capturing stylized facts of financial series such as fat tails, volatility clustering, etc. By modelling the conditional variance as a measure of risk, not only are the deficiencies of OLS corrected, but a prediction can be computed for the variance of each error term (Engle, 1982) . Because of its advantages, ARCH/GARCH models can have applications to numerous and diverse areas.
Following Engle (1982) , the ARCH model can be expressed as: (1) is the equation for the conditional mean, which may take any form.
Equation (2) is the conditional variance equation. In this formulation, the autocorrelation in volatility is modelled by allowing the conditional variance of the error term, ht 2 to depend on the immediately previous value of the squared error as in Equation (2). Although ht However, the value of q, or the number of lags of 2 t u is difficult to decide. The lagged value of q may be very big to capture the dependence in the conditional variance, leading to a non-parsimonious model. Moreover, in a large model, the non-negativity constraints may be violated. This is because the conditional variance ht 2 must be strictly positive as it is squared, which implies that all coefficients on all squares of lagged errors are non-negative to ensure a strictly positive conditional variance.
To overcome some of the problems, Bollerslev (1986) proposes the generalised ARCH model, or the GARCH model, which extends Equation (2) to: Like the ARCH representation, the GARCH model can capture the stylised facts of financial data and incorporate heteroscedasticity into the estimation procedure. Its construction of the lag structure can be very flexible to allow for various dynamic structures of conditional variance. So the GARCH model is capable of modelling quite complicated patterns of heteroskedasticity with relatively low orders of q. As such, the GARCH is more parsimonious and avoids overfitting, hence is less likely to breach non-negativity constraints, which is its main advantage over the ARCH model.
The GARCH model can also be cast in a multivariate setting to simultaneously estimate several parameters and hypotheses (Chou, 1988) .
Many extensions have been proposed for the GARCH model, such as the GARCH-inMean model, the GLR model, and the EGARCH model. We test for the January effect and monthly effect in the Chinese stock market using a GARCH in mean or GARCH-M model with Student-t distributed errors plus an MA(1) process, or an MA(1)-GARCH (1,1)-t-M model, with the mean equation being specified as:
where R t is the stock returns assumed to be linearly dependent on a vector of explanatory variables ( x it ) , the conditional variance ( x it , for the ith month and zero otherwise. This applies to January through to November, and so the intercept  0 represents the effect of the December dummy. The coefficients  Jan to  Nov plus  0 are then the mean returns for the year. For the presence of the January effect, the coefficient of the January dummy should be significantly positive in the regression.
The adoption of the GARCH in the mean model is due to Susmel and Engle (1994) .
They propose that, given the fact that in finance models an increase in variance (risk) is related to higher expected returns in share prices, it is appropriate to extend the standard GARCH to the GARCH in the mean or GARCH-M model.
The inclusion of the MA term is in order to capture the effect of negative serial correlation induced by non-synchronous trading as suggested by Susmel and Engle (1994) . This has been followed in many recent studies (Choudhry, 2001; Maghayereh, 2003) . Given the property of the data series in this study, the error terms are assumed to follow a conditional Student-t density. In other words, the model assumes the error distribution to be conditionally heteroscedastic and non-normal. These are the two major sources of unconditional leptokurtosis and so the model specification will allow us to cope with such leptokurtosis.
We employ monthly data during the period from January 1992 through to December These stock price indices are value-weighted; all listed firms are given weights based on their shares of market value. The indices have been adjusted for stock splits, new issues, and rights issues. None of these indices includes dividend yield since little difference will be made by the use of dividend adjusted or unadjusted stock returns.
In our empirical estimation, stock returns (R t ) are represented by the first difference of the log of stock price indices. We first inspect the returns series to examine how they evolve during the sample period. The plots below show that for most of the time there are large swings in returns and only in recent years have they gradually moved towards normal.
[ Figure I . approximately here]
Because of the property of financial data, it is reasonable to base inference on returns.
Furthermore, asset prices generally have a unit root, whereas changes in the logarithm of price are usually stationary. To check the time series property, and hence the stochastic structure of the data series, the augmented Dickey-Fuller test is applied (Table 1) .
[ Table 1 approximately here]
The null hypothesis of a unit root can be rejected for all six returns series, implying all series are stationary. For other basic descriptive statistics of the six stock return series, see Table 2. [ Table 2 here] It can be seen from Table 2 , the distributions of all six series are skewed.
Furthermore, all series have excess kurtosis so the distributions are leptokurtic, which gives further evidence for non-normal distribution of the returns. The Jarque-Bera tests formally confirm that, for all six series, the null hypothesis of a normal distribution can be rejected, which is consistent with findings in other research e.g. Bollerslev (1987) , these characteristics suggest that it is fitting to use an ARCH class of models.
IV. Empirical Results

Test Results for A-Shares Markets
Since the GARCH model is no longer linear, we use the maximum likelihood technique rather than OLS for estimation. The model estimation starts by specifying the mean equation and the variance equation. Following Fabozzi, et al. (2004) , we chose (p. q) to be (1,1) for our estimation. Table 3 presents the results for A-shares in both the Shanghai and Shenzhen Stock Exchanges from the MA(1)-GARCH-t in the mean model, with monthly dummies in the mean equation.
[ Table 3 here] The ARCH process or volatility clustering seems not to be present in A-shares, since for neither exchange is  1 significant. The coefficient on the MA term is negative and significant in Shanghai A-shares returns, which indicates that they exhibit serial correlation. We notice that this is not the case for Shenzhen.
For our main concerns, the estimated value of the intercept and the coefficients of the monthly dummies in the mean equation show no significant January effect. The January dummies are not significant and so the January effect does not exist in the Chinese A-shares market.
The absence of the January effect in the Chinese A-shares market can primarily be explained by the fact that, as China has no tax on capital gains, there is no pressure on investors to sell their loser stocks at the tax-year-end to realize capital losses that are used to offset capital gains, as suggested by the tax-loss selling hypothesis.
Contrary to some reports that there is a Chinese New Year effect in China' s stock market, the results in Table 3 also show no significant difference in returns in February than in any other month. Unlike the Christmas effect in North America or Europe where people may withdraw funds from shares to finance Christmas shopping, it is not Chinese tradition for investors to sell stocks for the Spring Festival shopping.
Interestingly, we find a significant and positive effect in March. As discussed before, the month of March marks the high season of Chinese politics during which the Two Great Conferences will be held. During this politically sensitive time, the Chinese authorities tend to create a celebratory atmosphere for the month of March, including popping up the performance or at least no large slumping of stock market. We call this as political window dressing of the stock market. Our empirical evidence reveals this effect in March.
Test Results for B-Shares Markets
Next, we examine monthly anomalies in China' s B-shares market. The chief difference between the A-and B-shares market is that, for most of its life, the B-shares market was accessible only to foreign investors. Table 4 reports how the foreign investors have behaved in the Chinese B-shares market.
[ Table 4 here] Table 4 shows monthly changes in B-shares returns in both Shanghai and Shenzhen Stock Exchanges. There is an MA (1) effect in both exchanges, although in the Shenzhen market the effect is relatively weak (significant at the 10% level). More importantly, in both exchanges, there is no monthly effect at all. Neither the January effect nor the February Chinese New Year effect is present. Neither is the March political window-dressing effect is significant. This suggests that the Chinese authorities'intervention in the stock market follows a strategy that concentrates on the domestic segment while carefully avoiding interfering with foreign investors.
Test Results for All Shares Composite Indices
Finally, we investigate the monthly anomalies in the Chinese stock market by way of composite market indices, i.e. both the Shanghai composite index (SHSE-C) and the Shenzhen composite index (SZSE-C). These indices cover A-shares as well as Bshares. Table 5 reports the test results for the all shares composite index on SHSE.
[ Table 5 here]
Test results of the Shenzhen all shares composite index are collected in Table 6 .
[ Table 6 here] The two tables both show the March effect exists in the Chinese stock market. In the case of Shenzhen, this effect would even last into April. A possible explanation for this longer effect may be that, in addition to central authorities'intervention, Shenzhen local government may have intervened in the stock market as well because of its proximity to Hong Kong. Apart from this effect, once again there is no evidence of a January effect or February Chinese New Year effect in the overall indices.
Model Specification Tests
At the bottom of each table, we report the outcome of specification tests for each of the six models. The testing procedures follow Engle and Patton (2001) , which focus on checking whether the specified GARCH models capture the heteroskedasticity and persistence in the variance adequately. The standardized residuals are first calculated using the residuals ( ˆ) from the respective mean equation in GARCH models and the fitted conditional variance ( t ĥ), such that
. We then check the normality of the series of standardized residuals. Next, the standardized residuals are squared and we then check whether they are serially uncorrelated. Finally, the standardized residuals are subjected to the Portmanteau test for the existence of serial correlation.
The ARCH of squared standardized residuals is tested with the F-statistic and the normality test of residuals is tested with a χ 2 test. The null hypothesis of the ARCH test is that the coefficients of the autoregressive model for the residuals are jointly equal to zero. The results of the ARCH test reported in the tables show the GARCH models have eliminated the autoregressive conditional heteroscedasticity.
The Portmanteau statistics are the Box-Ljung Q statistics with a χ 2 distribution. The null hypothesis is that no serial correlation exists. Up to lag 36, the Portmanteau test suggests this hypothesis can be accepted for all the models.
Some of the normality tests failed, which is not surprising given the large extreme values in China' s stock returns, and is consistent with similar volatility research on the Chinese stock market (Fabozzi, et al., 2004) . Overall, the specification test results suggest the GARCH models employed are satisfactory in capturing the volatility dynamics of monthly effect on the Chinese stock market. Test results show it is fitting to use GARCH models to investigate monthly anomalies in China.
V. Conclusion
Based on log-likelihood and AIC and SIC test outcome, A GARCH in mean with Student-t distributed errors plus an MA (1) model is used in empirical investigation.
Test results show that there is no January effect or the February Chinese New Year effect in the Chinese stock market. Instead, we find a significant and positive March effect.
Absence of the January effect can be mainly attributed to institutional details in China.
The country does not have tax on capital gains, which is perhaps the most important 
